The underlying stochastic processes that drive returns in several emerging bond and stock markets are investigated using the pure diffusion, the jump diffusion, the ARCH pure diffusion, and the ARCH jump diffusion models. The results indicate that jump diffusion models fit the data better than pure diffusion models. Possible sources and linkages of information surprises in emerging stock and bond markets are also investigated. Bond and stock returns of the same country exhibit simultaneous jumps, indicating a possible linkage of the two markets. U.S. equity returns respond to jumps in emerging bond markets but not to jumps in emerging stock markets (JEL C51, F36, G12, G14).
I. Introduction
Identifying the probability distribution that characterizes the return series of a financial asset has been an important task in empirical finance. It is becoming even more important with the increasing popularity of new risk measures such as Value at Risk (VAR). VAR is defined as the largest loss in portfolio value due to changes in market 1. For a discussion of how different distribution assumptions affect the VAR, see Duffie and Pan (1997) .
2. An alternative way to measure the risk of extreme events is to look at the tails of the distribution; e.g., Embrechts, Resnick, and Samorodnitsky (1998) and Booth et al. (1997) .
3. See Merton (1990) for an example of asset allocation within the jump-diffusion framework.
4. For example, capitalization in emerging market sovereign debt has grown over the period 1989 to 1993 from 50 billion to 1.2 trillion U.S. dollars. The volume of trade in sovereign debt issued by developing countries is currently 2.2 trillion U.S. dollars.
5. The mean and variance of returns in emerging capital markets are higher than those of developed markets; e.g., Harvey (1995) and Claessens and Gooptu (1993). prices over a given period of time within a certain probability. VAR computations based on incorrect distributional assumptions do not provide an accurate picture of a portfolio's risk exposure, and may even induce faulty risk management decisions.
1 Therefore, the first step in computing an accurate VAR measure is to find the distribution that closely approximates the dynamics of security prices/returns.
2 This article, investigates the distributional characteristics of bond and stock returns in rapidly growing emerging markets.
Another reason to understand return distributions in these markets is their implications for optimal asset allocation. The mean-variance criterion is commonly used for international asset allocation. This criterion relies on the assumption that investors have a quadratic utility function or asset returns are normally distributed. The drawbacks of assuming a quadratic utility function for investors are well established. Moreover, the empirical results presented in this article provide strong evidence against normality of asset returns. Thus the optimality of the mean-variance strategy is in doubt. Therefore, it is necessary to devise new asset allocation strategies that account for the distribution of asset returns. 3 Moreover, emerging stock and bond markets have experienced significant growth in the past several years.
4 U.S. companies, mutual funds, and pension funds have also been increasing their exposure to these markets. It is important to understand the dynamics of these emerging markets in order to provide better guidance to investors on risk management and portfolio allocation issues.
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Researchers have studied the return dynamics of U.S. markets and foreign exchange markets in great detail. It is well known that asset 6. Most of the early articles on emerging markets employ monthly data, thereby limiting the scope of questions/issues that can be addressed. Chahal, Rebello, and Smith (1995) use daily data for emerging stock and bond markets, but they only analyze the integration of emerging markets with the U.S.
returns have fatter tails to be successfully fitted by a normal distribution. A model that can capture the fatter tail effect is jump diffusion. Ball and Torous (1983) are the first to document that jump diffusion fits several U.S. stocks return series well. In a subsequent paper, the authors study the implications of their findings for option pricing (Ball and Torous [1985] ). Jarrow and Rosenfeld (1984) investigate the implications of the jump diffusion model for capital asset pricing. Kim, Oh, and Brooks (1994) apply the jump diffusion model to individual U.S. stock prices and market indices. They find significant jumps in both return series.
A well-known characteristic of asset return dynamics is volatility clustering or conditional heteroskedasticity. ARCH (Autoregressive Conditional Heteroskedasticity) type models capture this effect well; see Bollerslev, Chou, and Kroner (1992) for a detailed review. A number of researchers find that a combination of ARCH and jump diffusion models provides a better modeling of return series. This is documented for the U.S. bond market by Das (1995) and for foreign exchange markets by Jorion (1988) and Johnson and Schneeweis (1994) .
This article extends the investigation of the distribution of daily bond and stock returns in emerging markets using the pure diffusion (PD), jump diffusion (JD), ARCH pure diffusion (APD), and ARCH jump diffusion models (AJD).
6 Various tests performed show that jump diffusion models fit the data better than pure diffusion models. These findings have serious implications in investment analysis and risk management of emerging markets. Because the normal distribution is not adequate to describe return dynamics of emerging markets, one needs to use jump diffusion as the underlying distribution to compare risk and reward. Specifically, VAR measures computed from a jump diffusion are generally higher than those computed from a pure normal distribution with equal total variance (Duffie and Pan [1997] ). In addition, jump diffusion admits far more extreme values and thus requires a higher capital reserve to prepare for these extreme events.
Finally, the article investigates the possible sources of information surprises in emerging stock and bond markets. None of the studies mentioned above, with the exception of Das (1995) , investigates this aspect of return dynamics. While Das (1995) focuses solely on the U.S.
Treasury market, this article makes the connection between the bond market and the stock market of a home country. The results show that bond and stock returns of an emerging country are closely linked, as there exist simultaneous jumps in both return series. The returns of the U.S. equity market are connected with jumps in emerging bond markets but not in emerging stock markets. This finding is helpful in identifying risk exposure.
The bonds used in this study are highly liquid assets and popular trading instruments for investors who want exposure to emerging markets. The above results indicate that investors holding these bonds are exposed to not only risks in emerging markets but also risks in the U.S. equity market. Hence investors who seek exposure to only emerging markets have two alternatives: (1) a position in emerging bond markets plus a position to hedge away exposure to the U.S. equity market, or (2) a position in emerging stock markets.
The rest of the article is organized as follows. Section II describes the data and presents the statistical methodology. The empirical assessment of jump diffusion models and sources of jump risk is presented in section III. Section IV presents the conclusions.
II. Data and Statistical Methodology

A. Data Description
The data used in this study include bond and stock market index returns for six emerging economies (countries), the U.S., and a regional Latin American Equity index. The six countries are Brazil, Mexico, Morocco, Nigeria, Panama, Poland, and Venezuela. The data are collected at daily intervals and cover the period March 2, 1992 to May 10, 1994.
The bond data, obtained from First National Bank of Chicago's Emerging Markets Division, include daily prices for eleven bonds issued by the aforementioned countries. These prices are the average of bid and ask quotes as reported by Reuters at 4 p.m. Eastern Standard Time. Six of the bonds are Brady bonds. That is, they are denominated in U.S. dollars and their principal, and in many case their interest, is collateralized by U.S. Treasury zero-coupon bonds. The remaining five bonds are also dollar denominated, but they differ from Brady bonds in that neither principal nor interest is backed by specific collateral. These bonds are traded in New York and London. Because of the market 7. Holders of bonds issued by Poland and Panama did not receive interest payments over the sample period, thus AI t = 0 for these bonds.
8. Stock data for the six emerging economies and the LAMR were obtained from the Morgan Stanley Capital International Emerging Markets Database (MSCI). The dividend adjustment used by MSCI is as follows: (1) In the period between ex date and the date of dividend reinvestment, a dividend reinvestment is a component of the index return. (2) Dividends are deemed received on the payment date. (3) To determine the payment date, a fixed time lag is assumed to exist between the ex date and the payment date. This time lag varies by country and is determined in accordance with general practice within that market. (4) Reinvestment of dividends occurs at the end of the month in which the payment date falls. location, collateral characteristics, and dollar-denomination, these eleven bonds are the most liquid emerging market instruments. Appendix A provides additional information on the eleven bonds.
Continuously-compounded daily returns are computed from the bond prices and accrued interest using formula where X t is the return for trading day t, "ln" is the natural logarithm, P t is the closing price at time t, and AI t , is the accrued interest during period t-1 to t. The stock data include daily values for a U.S. equity index (USR), a regional Latin American equity index (LAMR), and six market equity indices; one for each of the aforementioned countries. The USR is a value-weighted index of all equity securities on the CRSP tapes and accounts for dividends. The LAMR is a value weighted stock return index (by market capitalization) of seven Latin American countries, including Argentina, Brazil, Mexico, Peru, and Venezuela. The remaining six indices are value-weighted indices of actively traded stocks and include dividends. The daily values of all seven indices are converted into U.S. dollars using the Reuter's exchange rate at 3 p.m. Eastern Standard Time.
8 Daily continuously-compounded (U.S. dollar) returns are calculated using the formula
where P t is the price of the stock index at time t. Note that the prices 9. The skewed generalized t (GT) distribution, developed by Theodossiou (1998) , can also be used to model the fat tails and skewness in financial data. used to compute these returns are the official closing prices in the dominant stock exchanges in each country.
Additional U.S. data includes the returns on the Federal Funds Rate (FFR), which were obtained from the Federal Reserve Bank of Atlanta. Table 1 presents various distribution statistics of daily returns for the bond and equity indices in the six emerging markets (countries), the Latin American index and the U.S. These statistics help to motivate the jump diffusion framework for modeling returns. One common feature of all bond and stock series examined is the large excess kurtosis, which is statistically significant at the five percent level. Note that excess kurtosis is higher for bond returns than for stock returns.
B. Statistical Methodology
Another common feature is that there are more extreme values than could be justified by a normal distribution of the same mean and variance. For example, the bond Brazil Exit has sixteen daily returns that are at least three standard deviations away from the mean and four returns that are at least five standard deviations away. These two numbers represent 2.95% and .74% of all the observations. However, under the assumption that the return series is normally distributed, the probability of having one draw that is three standard deviations away is .27% and the probability of a draw five deviations away is .000057%. Clearly, the return series has too many extreme values to be generated by a normal distribution.
The fat tails in the data can be modeled using a stochastic volatility process, such as a ARCH or a jump diffusion process.
9 It is well recognized that conditional volatility models capture the volatility clustering property of the data well, but they do not fully account for the fat-tailed properties of the data; e.g., Baillie and Bollerslev (1989) for a study of the U.S. financial markets. The jump diffusion framework, on the other hand, models the data as a mixture of routine movements and random bursts of jumps. This provides flexibility in accommodating extreme values in the data and thus captures the fat-tailed properties. However, since conditional autoregressive heteroskedasticity (volatility) is not modeled in the pure jump diffusion setting, the volatility clustering effect is not captured by this model. Overall, one may expect that a combination of jump diffusion and ARCH models provides the best fit to the data series.
According to table 1, the data exhibit significant skewness. All the data series, with the exception of equity indices for Mexico and Venezuela, exhibit significant skewness at the five percent level. ARCH models allow the volatility, or conditional heteroskedasticity, to vary over time, thus making it easier to match the fourth moment or kurtosis to the data. Nevertheless, time-varying conditional volatility has a limited effect on the third moment or skewness. Hence ARCH Note: The columns Nobs ( > 3 sd) and Nobs ( > 5 sd) give the number of returns that are at least three and five standard deviations from the mean, respectively. The sample period is March 2, 1992 to April 8, 1994. *Statistically significance at the five percent level. USR is for U.S. index returns and LAMR is for Latin American Equity Index returns. All equity indices are expressed in U.S. dollars and account for dividends.
10. The estimation method for the jump-diffusion process is based on the Bernoulli approximation first employed by Ball and Torous (1983) and more recently by Das (1995) . It is well known that the Bernoulli process is a stable approximation of the Poisson process and converges to it in the limit. This methodology differs from that employed by Jorion models cannot fit all kinds of skewness in the data.
On the other hand, jump diffusion models have the advantage of capturing skewness. The reason is that jump diffusion processed model the data as normal fluctuations plus random arrivals of big jumps. The sizes of those jumps are also random. Changing the mean of the jump size and the arrival probability affects the mean and the skewness of the distribution. In general, it is easier to match skewness of the data with jump diffusion models than with conditional heteroskedasticity models.
Following Jorion (1988) and Das (1995) , we estimate different return specifications using maximum likelihood estimation. We study four models, the pure diffusion (PD), the pure diffusion with timevarying conditional heteroskedasticity (APD), the jump diffusion (JD), and the jump diffusion with time-varying conditional heteroskedasticity (AJD). Note that the first three models are nested within the last model. The pure diffusion model assumes that returns are normally distributed with mean k and variance 2 , i.e.,
where z(t) is an i.i.d. (identically and independently distributed) standard normal error; i.e., it has mean zero and variance one. In the jump diffusion framework, the return process is modeled as
where z(t) has the same properties as in (1), and J is a Bernoulli random variable taking the value of one (J = 1) in the case of a jump and the value of zero (J = 0) otherwise. The probability of a jump is h, and consequently the probability of no jump is 1 -h. The random variable y is normally distributed with mean µ and variance 2 and it is stochastically independent of z(t). The above jump diffusion process can also be viewed as a mixture of two normal distributions; see Akgiray and Booth (1987) . Moreover, note, that when h = 0, equation 2 simplifies to equation 1. In this respect, the pure diffusion process is nested within the pure jump diffusion process. (1988) , which involves truncation of the infinite summation of the Poisson process.
In the case of the AJD (3) X t k t z t J y ( ) = + ( ) ( ) + × σ , and
where 2 (t) is the conditional variance of returns specified as a function of past volatility shocks or a first order ARCH process. Equation 4 captures time variation in conditional heteroskedasticity which is responsible for portion of kurtosis in the data. Note that when 2 (t)= 2 , AJD reduces to that of a JD model.
To further investigate the sources of jumps, the jump variable µ is specified as a function of contemporaneous (t), one-day lagged and oneday forward returns from the bond and stock markets in the home and foreign markets. Specifically, for the emerging bond series the jump variable µ is specified as proxies for the risk-free rate and U.S. market risk and the HBR t variable is used as a proxy for home country risk. By identifying the factors that contribute significantly to the jump size, we can study the linkages in jumps across markets and shed light on the possible sources of jumps. These PD, JD, APD, and AJD as well as the various specifications for the jump parameter µ are estimated using the maximum likelihood estimation method. The estimation involves maximization of the following general log-likelihood function 
with respect to the parameter vector (space) = [ k, µ, ã ]. 11 Note that PD, JD, and APD are nested within the AJD, and as such their likelihood functions are special cases of (7). Specifically, in the case of PD and APD h = µ =0, in the case of PD and JD 2 (t)= 2 . Moreover, in JD and AJD µ(t) may be specified as constant over-time.
The comparison between nested models can be accomplished by using the likelihood ratio (LR) test statistic
where L E and L N are the values of the log-likelihood functions of the enlarged and nested models as defined in (7). The LR statistic follows a 2 distribution with degrees of freedom equal to the difference in the number of parameters estimated under the two specifications. Another measure to compare the fit of these models is the Schwarz criterion (Schwarz [1978] ), defined as
where L( | X) represents the log-likelihood function of the parameter 12. A Tuesday effect for several bonds exists. However, the results are similar to the ones obtained without day-of-the-week effects; results available upon request.
13. In some cases, the AJD did not improve upon the fit provided by the jump diffusion model. The reason is that the former model uses at least one less observation. vector given the data X, K is the number of parameters to be estimated, and T is the number of observations. The Schwarz criterion accommodates the tradeoff between better fit and more parameters by penalizing the model with the larger number of parameters. The most probable model is the one with the smallest SC value. The SC is useful for comparing non-nested models, such as the JD and APD. Table 2 presents the results for the pure diffusion (PD), jump diffusion (JD), ARCH pure diffusion (APD), and ARCH jump diffusion (AJD) models for emerging country bonds.
II. Empirical Results
A. Comparison of the Four Diffusion Models
12 Based on the log-likelihood ratio (LR) test statistic, the AJD model appears to provide the best fit to the data. The only exception is the Mexico Discount bond. These results are also supported by Schwarz criterion (SC); that is, in all cases the SC value is the lowest for the AJD models compared to the other three models. Moreover, the SC criterion indicates that out of the non-nested models, the JD model provides a better fit to the data than the APD model. The latter result implies that time-varying volatility alone cannot explain the extreme values. Table 3 presents the results of the four models for emerging market stock indices and the U.S. value-weighted equity index. The improvement of fit is observed when switching from conditional volatility models to jump diffusion models. For example, the jump diffusion model outperforms the pure diffusion model based on both the log-likelihood ratio tests and the Schwarz criterion. Between the two non-nested models, jump diffusion outperforms ARCH diffusion based on the Schwarz criterion (except for LAMR). In general, jumps need to be included in the model of return process to have a better fit.
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Several interesting results can be found for both emerging bond and stock markets from tables 2 and 3 respectively. The estimates of variance ( 2 ) in the pure diffusion model are higher than those obtained Note: PD is for pure diffusion, JD for jump diffusion, APD for ARCH pure diffusion, and AJD for ARCH jump diffusion. The AJD model is specified as
, where z(t) is an i.i.d. standard normal error, J is a Bernoulli random variable (J= 1with probability h and J = 0 with probability 1 -h), and y is normally distributed with mean µ and variance 2 . For the PD and APD models h= 0, and for the JD model 2 (t) = 2 . L is for the log-likelihood and SC for the Schwartz criterion. The estimation of the parameters of the four diffusion processes is based on the maximum-likelihood estimation method. t-statistics are presented in the parentheses. *Statistically insignificant at the five percent level. The data are daily and cover the period March 2, 1992 to April 8, 1994. 14. This conjecture is supported when we allow mean jump size to be a function of some exogenous factors in the later sections.
in the jump diffusion model. This is expected because the variance ( 2 ) in the pure diffusion case captures the entire volatility of the series while the jump diffusion model assigns a portion of this volatility to the jump component. The mean jump sizes (µ) are, in general, statistically different from zero. Since the model does not distinguish between positive and negative jumps, the observed mean jump size can simply be an outcome of positive and negative jumps canceling each other during the sample period.
14 However, the mean jump sizes are of the same magnitude as the means of pure diffusion (k). This corresponds to our earlier conjecture, that jump diffusion allows more flexibility in modeling the skewness of the data. As expected, the ARCH parameters are statistically significant for all return series. This is evidence that volatility in the emerging markets is time-varying and there is volatility clustering in these series.
The estimates of the jump variance ( 2 ) provide additional insight. First note that in a pure jump model, the jump variances are generally higher than the variances of the diffusion components. Such large jump variations enable jump diffusion models to fit extreme values better than models without a jump. For the bonds (table 2), the estimated standard deviation of jump size ( ) is highest for Poland DDRA and lowest for Mexico Discount. Further, the estimated arrival probability of a jump per day is highest for Peru and lowest for Morocco. In the case of country stock indices, the jump standard deviation is highest for the Polish stock index and lowest for the Mexican stock index. The estimate of jump standard deviation is lower for the emerging market equity index and for the U.S. value weighted index. The U.S. equity markets display lower jump variations and lower arrival probability than the Latin American equity market index (as well as individual countries in the sample). This is expected since diversification at the index level reduces the overall jump risk and the U.S. market is less volatile than these emerging markets. However, note that the jump arrival rate and the jump variance of the U.S. valueweighted return and Latin American index are significantly different are from zero. This implies that jump risk may not be diversifiable, as there exist significant jumps in the return series of the portfolios. This finding supports the result of Kim, Oh, and Brooks (1994) . Note: PD is for pure diffusion, JD for jump diffusion, APD for ARCH pure diffusion, and AJD for ARCH jump diffusion. The AJD model is specified as
, where z(t) is an i.i.d. standard normal error, J is a Bernoulli random variable (J= 1with probability h and J = 0 with probability 1 -h), and y is normally distributed with mean µ and variance 2 . For the PD and APD models h= 0, and for the JD model 2 (t) = 2 . L is for the log-likelihood and SC for the Schwartz criterion. The estimation of the parameters of the four diffusion processes is based on the maximum-likelihood estimation method. t-statistics are presented in the parentheses. *Statistically insignificant at the five percent level. The data are daily and cover the period March 2, 1992 to April 8, 1994. Table 4 presents the results of estimating a jump diffusion model with time-varying jump sizes for bonds, as specified by equation 5. According to equation 5, the mean jump size for bond returns is specified as a function of contemporaneous, one-day lagged, and oneday forward daily returns on the Federal Funds Rate, returns on the home country stock index, and returns on the U.S. equity market.
B. Jump Diffusion Models with Time-Varying Jump Size
As shown in table 4, the coefficients of contemporaneous home country equity returns are positive and statistically significant for all sovereign bond returns. This implies that if there is a jump in the country's bond returns, the mean size of this jump is positively correlated to the performance of the home country equity index. In other words, a positive shock in the home country stock market is correlated with a positive shock in its bond returns and vice versa.
For most of the bonds, the return on the U.S. equity index is significantly, positively correlated to the mean jump size. A 1% increase in the return of the Mexican stock index will cause an increase of .23% in the mean jump size of the Mexico Par bond on the same day. Similarly, a 1% decline in the return of the U.S. equity index will cause a decline of .64% in the mean jump size of the same bond. In addition, the lagged return of the U.S. equity index has a positive and significant effect on shocks in the emerging markets, i.e., the shock from the U.S. equity index is experienced in these markets on the next day, too. The only exceptions are the Mexican bonds, where a jump in the U.S. equity index is fully impounded on the same day (with no lag effects). Given the evidence that the home country lagged equity index is insignificant in explaining mean jump size, we infer that emerging bond markets react faster to shocks in the home country equity markets than shocks in the U.S. equity markets. Finally, the return on federal funds is not significant in determining the size of the jump.
A possible explanation for this finding is that these sovereign bonds carry significant country risk. About half of the bonds in the sample have no underlying collateral (registered loans) and the other half have principal backed by U.S. treasury securities and a rolling interest guarantee. Since these bonds carry significant default risk (most of the registered loans have defaulted on interest payments; more information on each bond is contained in appendix A), their behavior would resemble that of a residual claim. Taking this logic a step further, these bonds would display equity characteristics and therefore the bond shocks are correlated with shocks in the home country equity market.
This hypothesis is further supported by evidence that the U.S. equity market return is significant in explaining the mean jump size in the bond market while the U.S. interest rate is not. Table 5 presents results when mean jump size in country equity Note: The jump diffusion process is specified as x(t) = k + z(t) + J × y, where z(t) is an i.i.d. standard normal error, J = 1 with a probability of h and J = 0 with probability 1 -h, y is normally distributed with mean µ(t) and variance 2 , and µ(t)
. FFR t is the Federal Funds Rate, HSR t is the home country equity index return, and USR t is the U.S. equity stock index return. The data are daily and cover the period March 2, 1992 to April 8, 1994. Estimation is carried out using the maximum-likelihood method. T-statistics are presented in the parentheses. *Statistically insignificant at the five perecnet level.
returns is a function of contemporaneous, lagged, and forward returns on the Fed Fund Rate, returns on the bond(s) issued by that country, and U.S. value-weighted equity returns. The bond returns are positively Note: The jump diffusion process is specified as x(t) = k + z(t) + J × y, where z(t) is an i.i.d. standard normal error, J = 1 in a case of a jump with a probability of h and J = 0 in case of no jump with probability 1 -h, y is normally distributed with mean µ(t) and variance 2 , and µ(t) = c 0 + related to mean jump size for all countries except Poland, while the effects of the U.S. equity index returns are mixed. Clearly, there is a connection between the bond market and equity market in the same country, i.e., both markets experience shocks at the same time. However, the U.S. stock market is related to jumps in the emerging bond markets but not in the emerging stock markets. An explanation for this phenomenon may be the trading location. The emerging bonds are traded predominantly in New York and London while the stock indices are traded only in the home countries. Shocks in the U.S. equity market may affect traders in the emerging bond markets more because these traders are closer to the source of the shocks than traders in the emerging equity markets.
In sum, this article suggests that both bond and equity markets in emerging countries carry significant country risk and that the emerging bonds in this article also have exposure to the U.S. equity market.
III. Summary and Conclusions
It is well known that emerging financial markets are extremely volatile. Given the conjecture that extreme values in the data may be due to sporadic releases of information, this article employs the pure diffusion, jump diffusion, ARCH pure diffusion, and ARCH jump diffusion models to model the daily return series of several emerging bond and stock markets. In addition, it attempts to identify some sources of information surprises in emerging stock and bond markets.
The results show that the ARCH jump diffusion model fits the data better than a pure diffusion model, and the jump diffusion model performs better than both the pure diffusion and ARCH pure diffusion models. Also, shocks in the U.S. value-weighted equity index relate to shocks in the emerging bond market but not shocks in the individual country equity market.
These results have important implications for risk management, asset allocation strategies, hedging, and pricing of derivatives in these markets. For example, risk measures such as Value at Risk depend on correct specification of the return distribution. As shown by Duffie and Pan (1997) , different distributions produce different VARs and different predictions of extreme events. The adequacy of risk-reserve capital that is based on these estimates depends on the correctness of the distribution assumption. Our results suggest that jump diffusion may be 15. Merton (1976a Merton ( , 1976b and Naik and Lee (1990) provide a model to compute option prices when the underlying stochastic process is a jump diffusion process. used for modeling bonds and equities from emerging markets.
Furthermore, identification of the appropriate empirical distribution and sources of jumps in the emerging markets allows the choice of more appropriate models for pricing options on emerging market securities.
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This has become especially useful since in 1996 the Chicago Mercantile Exchange introduced options on Brady Bonds issued by Argentina, Brazil, and Mexico, which are included in our sample. In addition, the results on jump risk sources can serve as a guide in selecting hedging strategies for investors, who want exposure to only specific country risk factors, as opposed to risk from U.S. interest rates and stock markets.
The findings in this article open several avenues for future research. First, there is a need for derivative pricing models which do not assume that the jump risk is diversifiable. Secondly, these results establish the need for a theoretical model other than the mean-variance framework for implementing asset allocation strategies when returns of the underlying security do not follow the normal distribution. Finally, it would be interesting to compare the performance of VAR estimation using jump diffusion to approximate the distribution to VAR estimation using tail distribution.
Appendix A Bond Descriptions
Brazil Exit
These bonds, issued on August 31, 1989, mature on September 15, 2013. They carry a fixed interest rate of 6% and the issue size was $1.1 billion. The repayment is in the form of a pro-rata sinking fund and these bonds are eligible for debt equity conversion. They are registered loans and neither principal nor interest is collateralized.
Brazil IDU
The Interest-Due-and-Unpaid bonds were issued by the Federative Republic of Brazil on November 20, 1992, retroactively to January 1, 1991. These bonds mature on January 1, 2001. The face value of all outstanding IDUs is approximately US-$7 billion. The coupon is step-up/floating: 7.813% to 1/92, 8.375% to 1/93, 8.750% to 1/94 and 6-month LIBOR to 1/2001 and is paid semi-annually. Neither principal nor interest is collateralized.
Mexico Par Bonds
These bonds were issued as part of Mexico's debt restructuring program. They were exchanged for outstanding debt on March 28, 1990. Approximately $16.8 billion worth of bonds were issued. The bonds are denominated in U.S. dollars and have a face value of $250,000. They are registered on the Luxembourg stock exchange but are governed by the law of the State of New York. The bonds pay a fixed coupon of 6.25% on a semi-annual basis. They mature on December 31, 2019. The coupon dates are March 30 and September 30. Interest is collateralized by a deposit of 18 months of interest payments. Principal is fully collateralized by U.S. Treasury zero-coupon bonds and is payable in full at maturity. The bonds also include a call feature that permits the Mexican government to retire them by paying the principal and accrued interest on any coupon date. Starting on July 1, 1996, in addition to the coupon payments, the holders of these bonds are eligible to receive quarterly payments based on Mexican oil exports. However, these payments cannot exceed 30% of Mexico's quarterly oil exports.
Mexico Discount
These bonds were also issued as part of the Mexican debt restructuring program. Approximately $8.3 billion worth of bonds were issued at a discount of 35%. They are similar to the Mexico Par bonds described above with the exception that they make variable coupons which are set at a premium of 13/16 over the 6-month LIBOR, and these coupon payments are collateralized at an interest rate of 10%.
Morocco
The tranche A of the restructuring and consolidation of debt as an outcome of the 1985-88 refinancing agreement was issued on September 20, 1990. The bond matures on January 1, 2009, and the issue size was $2.8 billion. The bond has a floating rate coupon 6-month LIBOR+0.8125% and repayment is in the form of a pro-rata sinking fund. This is a sovereign loan guaranteed by the Kingdom of Morocco. It has no underlying collateral.
Nigeria Par
Approximately $2.1 billion of these bonds were issued on January 21, 1992 in exchange for outstanding debt. The bonds mature on November 15, 2020. They are also registered on the Luxembourg Stock Exchange, and are governed by English Law. Their principal, $250,000, is fully collateralized by U.S. zerocoupon Treasury bonds and repayable in full at maturity. The semi-annual coupon payments on these bonds were made at the rate of 5.5% until January 1995, at which point the coupon rate increased to 6.25%. Interest payments are collateralized for 12 months at a rate of 6.25%. The collateral is on deposit at the Bank of England. Like the Mexican bonds, these bonds are callable for face value plus accrued interest. Oil-indexed payment adjustment coupons were also issued with each bond. Each coupon has a face value of $1,000. Beginning in November 1996, each coupon entitled the holder to a payment based on the amount by which the average price of "Bonny Light" oil six months prior to the payments date exceeds $28, a reference price which will be adjusted for inflation each payment period. These semi-annual payments are not to exceed $15 per coupon and are subject to cancellation if Nigerian crude oil output for the six months preceding a coupon date falls below 92.5% of the base production of 1.74 million barrels per day.
Panama
This is a registered loan guaranteed by the Republic of Panama. This loan was issued on October 31, 1985, and matured on September 30, 1997. The issue size was $0.6 billion and it carried a floating coupon of 6-month LIBOR plus 1.375%. This bond had no underlying collateral and has not been serviced since March 1988.
Peru CB
This is a sovereign loan issued by the Republic of Peru. The approximate issue size is $.8 billion. This loan is an outcome of a credit agreement reached on May 31, 1983. The bond's maturity date was July 31, 1991. The bond has not been serviced since and it is currently under default. It has a coupon rate of US prime plus 2.25% or LIBOR plus 2.25%.
Poland DDRA
The issue size of the Poland Debt Deferral and Restructure Agreement was $8.44 billion. They were issued on July 20, 1988, and mature on December 31, 2002. The coupon rate is 6-month LIBOR + .8125% and repayment is in the form of a bullet. The bond is a registered loan with Dresdner Bank as the international agent. Neither principal nor interest is collateralized. Interest has not been paid since January 4, 1989. Accrued and unpaid interest was estimated at 23% as of February 2, 1993.
Venezuela Par
Approximately $6.6 billion of Venezuela Par bonds were issued on December 18, 1990, in exchange for outstanding debt. The bonds mature on March 31, 2020, and resemble the Mexican par bonds except for their coupon payments, interest guarantees, and oil-related payments. The coupon rate for these bonds is fixed at 6.75% and is collateralized by a deposit covering 14 months of interest. Each bond was issued with five oil-indexed payment obligations per $1,000 of face value. Beginning with the coupon payment in April 1996, on the date of each subsequent coupon payment, each payment obligation entitles the holder to a payment equal to the difference between the average price for Venezuelan crude for the preceding 12 months and $26. The strike price of $26 will be adjusted to reflect the U.S. inflation rate. The payments are not to exceed $3/obligation and are subject to suspension of the payments on these obligations if the volume of oil exports declines by more than 7.75%. However, payments will be allowed to accrue and will earn interest at the LIBOR.
Venezuela Discount
On December 18, 1990, approximately $1.18 billion of these bonds were issued at a discount of 30% in exchange for outstanding debt. The bonds are virtually identical to the Venezuela Par bonds described above with the exception that their coupons pay a premium of 13/16% over LIBOR and are collateralized by a deposit equaling 14 months' interest at 9.75%.
Appendix B
Derivation of the Likelihood Function
In ARCH jump diffusion model the returns at time t are specified as where z(t) is i.i.d. standard normal, J is a Bernoulli random variable taking the value of (J = 1) in the case of a jump with probability h and the value of zero (J =0) in the acse of no jump with probability 1 -h. The random variable y is normally distributed with mean µ and variance 2 and it is stochastically independent of z(t). The parameters to be estimated are k, a 0 , a 1 , h, µ and 2 . The likelihood of each X(t), conditional on the values for the parameters is, 
